The impact of climate change on the hydro-climatology of the Indian subcontinent is investigated by comparing statistics of current and projected future fluxes resulting from three RCP scenarios (RCP2.6, RCP4.5, and RCP8.5). Climate projections from the CORDEX-South Asia framework have been bias-corrected using the Distribution-Based Scaling (DBS) method and used to force the HYPE hydrological model to generate projections of evapotranspiration, runoff, soil moisture deficit, snow depth, and applied irrigation water to soil. We also assess the changes in the annual cycles in three major rivers located in different hydro-climatic regions. Results show that conclusions can be influenced by uncertainty in the RCP scenarios. Future scenarios project a gradual increase in temperature (up to 7˝C on average), whilst changes (both increase and decrease) in the long-term average precipitation and evapotranspiration are more severe at the end of the century. The potential change (increase and decrease) in runoff could reach 100% depending on the region and time horizon. Analysis of annual cycles for three selected regions showed that changes in discharge and evapotranspiration due to climate change vary between seasons, whereas the magnitude of change is dependent on the region's hydro-climatic gradient. Irrigation needs and the snow depth in the Himalayas are also affected.
Introduction
Climate change impacts can be particularly complex in regions which are additionally subject to other environmental and socio-economic changes, i.e., population growth, urbanization, land use change, and change in industrial and hydropower sectors [1] . India is a developing country with nearly two-thirds of the population depending directly on the climate-and water-sensitive sectors. The country already faces high risks of water shortages due to population growth, urbanization, and increasing demands in the agricultural, industrial, and hydropower sectors; hence, India offers a unique opportunity to examine the impacts of climate change, which in some areas have already been observed [2] [3] [4] . The region is characterised by a strong hydro-climatic gradient due to the monsoon (tropical climatic regions in the south; temperate and alpine regions in the Himalayan north, where elevated areas receive sustained winter snowfall) and the geographic features; hence, posing extraordinary scientific challenges to understand, quantify, and predict future availability of water resources. Of particular interest are the Northern Indian Himalayan plains given the sensitivity of snow and glacier melt processes to climate variability and change [5] [6] [7] . Arid and semi-arid regions might also experience changes in their hydrological cycle [8, 9] .
Conventionally, hydrologic impacts are investigated on small (~0.1-10 2 km 2 ) or medium-sized basins (~10 2 -10 3 km 2 ); however, current needs require assessment on larger areas and river basins, which requires the use of large scale hydrological models [31, 32] . This type of modelling has the potential to encompass many river basins, cross-regional, and international boundaries and represents a number of different geophysical and climatic zones [33] . In addition, according to [34] , large scale modelling can balance "depth with breadth", enhance process understanding, increase robustness of generalizations, facilitate catchment classification and regionalization schemes, and support better understanding of prediction uncertainty.
This paper contributes to ongoing efforts on assessing the potential impacts of climate change on water availability in the Indian subcontinent. In particular, we aim to answer the following questions: i) what is the quantified impact of climate change on India's water resources? ii) how is the uncertainty due to RCP propagated in hydrological impact modelling? and iii) how does the potential impact vary in different climatic regions (i.e., tropical, humid subtropical, and montane)? Although previous investigations have, at least to some degree, addressed similar questions, our contribution is associated with three novel features in that we apply: 1) three recently-generated high-resolution CORDEX-SA projections (RCP2.6, RCP4.5, and RCP8.5), 2) the DBS (distribution-based scaling; [35] ) method to correct biases in the climate projections, and 3) the large-scale multi-basin HYPE (HYdrological Predictions for the Environment; [36] ) hydrological model, to quantify climatic as well as anthropogenic impacts of climate change on hydrology and water availability over the entire Indian subcontinent. Section 2 introduces the study area, whereas the hydrological model and methodology are presented in Section 3. Section 4 presents the results of climate change impacts, followed by a discussion in Section 5 and conclusions in Section 6.
Study Area and Data

Study Area
India is the seventh-largest country by area and the second-most populated country with over 1.2 billion people. The country covers an area of about 3.3 million km 2 and some of its river basins extend into several neighboring countries (i.e., China, Nepal, Pakistan, and Bangladesh; see Figure 1 ). Major rivers of Himalayan origin that are mainly located in India include the Ganga and the Brahmaputra, both of which drain into the Bay of Bengal. Major peninsular rivers, whose steeper gradients prevent them from flooding, include the Godavari, the Mahanadi, and the Krishna, which also drain into the Bay of Bengal; and the Narmada and the Tapi, which drain into the Arabian Sea. Coastal features include the marshy Rann of Kutch of Western India and the alluvial Sundarbans delta of Eastern India; the latter is shared with Bangladesh.
The spatiotemporal variation in climate is perhaps greater than in any other area of similar size in the world. The climate is strongly influenced by the Himalayas and the Thar Desert in the northwest, both of which drive the summer and winter monsoons [37] . Four seasons can be distinguished: winter (January-February), pre-monsoon (March-May), monsoon (June-September), and post-monsoon (October-December). In terms of spatial variability, the rainfall pattern roughly reflects the different climate regimes of the country, which vary from humid in the northeast (precipitation is 2068 mm/year and occurs about 180 days/year), to arid in Rajasthan (precipitation is 313 mm/year and occurs about 20 days/year). Moreover, India is characterized by strong temperature variations in different seasons ranging from a mean temperature of about 10˝C in winter to about 32˝C in pre-monsoon season. The monsoon season is very important for water resources (and in turn their use for, e.g., power generation and agriculture) in the country since 75% of the annual rainfall (877 out of 1182 mm) is received in this period [38] . In particular, India's mean monthly rainfall during July (286.5 mm) is highest and constitutes about 24% of the annual total. The contribution in August is slightly lower (~21%) and in June and September ~14% [39] . The contribution of pre-monsoon and post-monsoon rainfall to the annual total is roughly the same (11%). Higher variation is observed during the end of post-monsoon and winter (i.e., November-February). To provide a better understanding of the system behavior, Figure 1b -d shows the annual cycles of the hydro-climatic fluxes in three different climatic regions, i.e., humid subtropical (Ganga), montane (Indus), and tropical (Godavari).
Spatial Input Data
Data availability is usually a severe constraint in the analysis of large-scale domains. To overcome such a problem, we use global datasets to extract the information required for hydrological applications (see Table 1 in [40] ).
Meteorological Reference Data
Daily precipitation inputs for the period 1971-2005 are obtained from the Asian PrecipitationHighly-Resolved Observational Data Integration Towards Evaluation of Water Resources (APHRODITE) project [41, 42] at 0.25° resolution (Table 1) . Similarly, AphroTEMP [43] provides daily temperature inputs for the same period at 0.5° resolution. APHRODITE and AphroTEMP (in the The monsoon season is very important for water resources (and in turn their use for, e.g., power generation and agriculture) in the country since 75% of the annual rainfall (877 out of 1182 mm) is received in this period [38] . In particular, India's mean monthly rainfall during July (286.5 mm) is highest and constitutes about 24% of the annual total. The contribution in August is slightly lower (~21%) and in June and September~14% [39] . The contribution of pre-monsoon and post-monsoon rainfall to the annual total is roughly the same (11%). Higher variation is observed during the end of post-monsoon and winter (i.e., November-February). To provide a better understanding of the system behavior, Figure 1b -d shows the annual cycles of the hydro-climatic fluxes in three different climatic regions, i.e., humid subtropical (Ganga), montane (Indus), and tropical (Godavari).
Spatial Input Data
Meteorological Reference Data
Daily precipitation inputs for the period 1971-2005 are obtained from the Asian Precipitation-Highly-Resolved Observational Data Integration Towards Evaluation of Water Resources (APHRODITE) project [41, 42] at 0.25˝resolution (Table 1) . Similarly, AphroTEMP [43] provides daily temperature inputs for the same period at 0.5˝resolution. APHRODITE and AphroTEMP (in the following jointly denoted APHRODITE) are the only long-term continental-scale gridded datasets that are based on a dense network of daily data for Asia including the Himalayas. Therefore, the datasets have contributed to studies including among others water resources, climate change 
Climate Projections
Our ensemble of three climate projections consists of modelling chains that use the same GCM (EC-EARTH; [44] ) and RCM (RCA4; [45] ), but three different representative concentration pathways, RCPs (see ). RCPs are numbered after their increased radiative forcing until year 2100 (+2.6, +4.5, and +8.5 W/m 2 , respectively; [46] ). Note that more climate projections are becoming available over the South Asian domain through the CORDEX initiative (e.g., [47] ).
A total of 129 years of hydrological simulations have been conducted for each climate scenario . However, the analysis is based on three 30-year periods: reference period , mid-century period (2021-2050), and end-century period . Note that in here we only analyze three projections from the CORDEX-SA ensemble; the CORDEX experiment is ongoing and more projections are being generated but these were the only ones available at the time of the study.
Methodology
India-HYPE: Description, Setup, and Calibration
The Hydrological Predictions for the Environment, HYPE, model [36] is a semi-distributed rainfall-runoff model capable of describing the hydrological processes at the basin scale. The model represents processes for snow and ice accumulation and melting, evapotranspiration, soil moisture, discharge generation, groundwater recharge, and routing through rivers and lakes. HYPE simulates the water flow paths in soil, which is divided into three layers with a fluctuating groundwater table. Parameters are linked to physiographical characteristics in the landscape, such as hydrological response units (HRUs) linked to soil type and depths and vegetation. Elevation is used to get temperature variations within a sub-basin for estimating the snow cover dynamics.
Lakes are defined as classes with specified areas and receive the local runoff and the river flow from upstream sub-basins. Precipitation falls directly on lake surfaces and lake water evaporates at the potential rate until the lake is dry. Each lake has a defined depth below an outflow threshold. The outflow from lakes is determined by a general rating curve, unless a specific one is given or if the lake is regulated. Lakes and man-made reservoirs are not separated in the simulation. A simple regulation rule can be used, in which the outflow is constant or follows a seasonal function for water levels above the threshold. A rating curve for the spillways can be used when the reservoir is full.
Irrigation in HYPE is simulated based on crop water demands calculated either with the FAO-56 crop coefficient method [48] or relative to a reference flooding level for submerged crops (e.g., rice). The demands are withdrawn from rivers, lakes, reservoirs, and/or groundwater within and/or external to the sub-basin where the demands originated. The demands are constrained by the water availability at these sources. After subtraction of conveyance losses, the withdrawn water is applied as additional infiltration to the irrigated soils from which the demands originated (in here named as applied irrigation water to soil (AIW)).
The HYPE model is set up for the entire Indian subcontinent (4.9 million km 2 ) divided into 6010 sub-basins, i.e., with an average size of 810 km 2 , and is referred to as India-HYPE. The model runs at a daily time step using APHRODITE as input data, but due to lack of daily discharge observations it was calibrated and evaluated (both in space and time) against monthly observations from 42 stations in the GRDC (Global Runoff Data Centre) database. For the Indian subcontinent, GRDC data are limited to monthly discharge for chosen river basins in the period [1971] [1972] [1973] [1974] [1975] [1976] [1977] [1978] [1979] . More discharge data are held in the Indian government agencies, but are not released to the public domain due to confidentiality; this generally sets a constraining factor for a model setup. Many of the parameters in the model are coupled to soil type or land use, while others are assumed to be general to a larger region. This approach fosters the potential of parameter transferability within reasonably homogeneous regions. In applications of HYPE, we generally consider the parameter identifiability and their regionalization to ungauged regions to be acceptable if the model performs adequately in the gauged basins over the entire model domain.
The HYPE model was spatiotemporally calibrated and evaluated in a multi-basin approach by considering the median performance in selected stations; 30 stations were selected for model calibration and 12 "blind" stations for spatial evaluation. The years 1969-1970 were used as a model warm-up period, the next five years for model calibration (1971) (1972) (1973) (1974) (1975) ) and the final four years for temporal performance evaluation (1976) (1977) (1978) (1979) . The model's predictability was tested using various performance measures (i.e., objective functions and flow signatures) and additional data sources (i.e., remote sensing potential evapotranspiration records); see details in [40] . Here, we assess the model's predictability based on the Nash-Sutcliffe Efficiency, NSE [49] and relative error, RE (defined as the difference between the mean modelled value and the mean observed value divided by the mean observed value). The former has been widely applied in hydrology as a benchmark measure of fit. It can also be interpreted as a classic skill score, where skill is interpreted as the comparative ability with regards to a baseline model (here taken to be the "mean of the observations"; i.e., NSE < 0 indicates that the mean of the observed time series provides, on average, a better prediction than the model). NSE ranges between 1 (perfect fit) and´8 whereas RE ranges between´8 and +8, with the "ideal" value being 0.
Bias Correction of RCM Data
The RCM projections (mean daily precipitation and temperature) were bias corrected against the APHRODITE dataset using the distribution based scaling, DBS, statistical method [35] . In brief, DBS aims to map the quantile distributions of precipitation and temperature in the RCM data to those of the reference data. For precipitation, a two-step procedure is applied: 1) correction of the wet-day frequency by applying a wet-day cut-off threshold (in case of wet frequency bias) or by adding wet-days to pre-existing wet-spells (if dry frequency bias), and 2) quantile-mapping of the precipitation data using a double-gamma distribution to accurately represent both normal and extreme precipitation intensity ranges. For temperature, a quantile-mapping correction based on a Gaussian distribution is used. The temperature correction model is dependent on the wet/dry state of the corresponding precipitation. This means that DBS takes into account different biases on wet and dry days (see details in [35] ). The bias-corrected projections were used to force the hydrological model for the assessment of climate change impacts on water resources. DBS was used for bias-correcting GCM projections over India (Mumbai region) by [50] .
Climate Change Impact Assessment
For the present climate, water availability in space and time was simulated using the reference APHRODITE dataset as input. The same framework is then used to project the impact of climate change on the water resources with the assumption that the land use shall not change over time.
Long-Term Averages
Firstly, we assess the impact of climate change on the hydro-climatic variables, i.e., long-term means of precipitation (P, in mm), temperature (T, in C), actual evapotranspiration (AE, in mm), runoff (R, in mm), soil moisture deficit (SMD, in mm), snow depth (SD, in cm), and applied irrigation water to soil (AIW, in Mm 3 ). The daily series for each 30-year period (reference, mid-and end-century) is used to extract the statistics. The relative future change in the long-term average (%) between two periods (mid-or end-century versus reference period) due to climate change is estimated for each sub-basin. Positive (negative) change indicates increase (decrease) from the average value in the reference period. Note that for T we calculate absolute differences between future and reference periods; hence, we can express properly also changes in the sign of T.
The spatial variability of change at the basin scale is further summarized (here presented as a boxplot) allowing comparison of the overall change between basins; note that this analysis is only presented for P and R.
Annual Cycles
To complement the above assessment, we investigate the changes in the annual cycles in different locations and governing climatic conditions. We, therefore, compare the annual cycles of P, E, and discharge (Q, in m 3 /s) for the Ganga (at Farakka station), Indus (Chenab at Akhnoor station), and Godavari (at Polavaram station) basins (see annual cycles of the present climate in Figure 1b-d) . The climate in these basins is characterized as humid subtropical, montane, and tropical, respectively; hence, the analysis can capture the sensitivity to the dominant climatic gradients in the subcontinent.
Results
Model Evaluation
Here, we investigate the model's reliability (which involves measures sensitive to high flows, timing, variability, and volume), and present performances for the benchmark objective functions, i.e., NSE and RE. The NSE and RE for all calibration and evaluation stations and periods are presented in Table 2 . Overall, the India-HYPE model achieved an acceptable performance for our purpose and is, therefore, considered adequate to describe the dominant hydrological processes in the region (median NSE and RE for the calibration period is 0.76 and´5.26%, respectively, while for the evaluation period the values are 0.68 and +8.01%, respectively). However, as expected, the performance decreased when the model is validated both in space and time (NSE and RE equal 0.40 and 16.81%, respectively); the model is not "trained" to capture the flow conditions at independent areas and time periods. A more detailed analysis during the evaluation period showed that the model could not fully capture the variability (e.g., standard deviation) of the observed data in the validation stations. The ratio of the standard deviation of modelled over the standard deviation of observed data decreases during the evaluation period at the evaluation stations from 0.78 to 0.58 which consequently affects the NSE values; see the discussion on the decomposition of the NSE and the importance of its decomposed terms (dealing with timing, variability, and volume) on the overall NSE in [51] . However other flow characteristics, i.e. timing and volume, are better represented than variability during the evaluation period. Further analysis and discussion on model performance and consistency can be found in [40] . 
Bias Correction
The effect of bias-correction using the DBS methodology is illustrated here for the case of mean P (Figure 2 ). The highest P amounts are measured along the mountain ridges, e.g., on the western side of the Western Ghats, Southwest India, and at the foothills of the Himalaya in the northern part of the study region. Those wet regions are strongly associated with atmospheric flows during the monsoon season. Dry regions are located in the northwestern part and on the eastern side of the Western Ghats. The projections employed in this study all share the same historical run, thus Figure 2 is representative for all three projections. The historical projection shows large positive and negative biases in mean P, with sharp gradients between regions of positive and negative biases. The regions with sharp gradients coincide very well with regions of complex topography (e.g., in the Himalaya or on the lee and luv side of the Western Ghats). DBS is able to correct for most of the bias although some remaining dry bias is apparent in regions where the historical projection strongly underestimates mean precipitation. This is related to a dry frequency bias, i.e., too few wet days in the projection. DBS is not able to fully correct for the pronounced deficits in rain days, but can only correct moderate dry frequency bias by adding wet-days to existing wet-spells. Such a limitation of bias-correction methods in case of dry frequency biases is a general limitation of current quantile-mapping bias-correction methods [35, 52] . 
The effect of bias-correction using the DBS methodology is illustrated here for the case of mean P (Figure 2 ). The highest P amounts are measured along the mountain ridges, e.g., on the western side of the Western Ghats, Southwest India, and at the foothills of the Himalaya in the northern part of the study region. Those wet regions are strongly associated with atmospheric flows during the monsoon season. Dry regions are located in the northwestern part and on the eastern side of the Western Ghats. The projections employed in this study all share the same historical run, thus Figure 2 is representative for all three projections. The historical projection shows large positive and negative biases in mean P, with sharp gradients between regions of positive and negative biases. The regions with sharp gradients coincide very well with regions of complex topography (e.g., in the Himalaya or on the lee and luv side of the Western Ghats). DBS is able to correct for most of the bias although some remaining dry bias is apparent in regions where the historical projection strongly underestimates mean precipitation. This is related to a dry frequency bias, i.e., too few wet days in the projection. DBS is not able to fully correct for the pronounced deficits in rain days, but can only correct moderate dry frequency bias by adding wet-days to existing wet-spells. Such a limitation of bias-correction methods in case of dry frequency biases is a general limitation of current quantile-mapping bias-correction methods [35, 52] . Concerning T, in most parts of India it was underestimated by 1-2 C in the historical GCM-RCM projection (not shown). After the DBS bias-correction, only a negligible bias remained and the spatial pattern became essentially identical to the observations (see Figure 3c ).
Reference Data Analysis
To infer a quantitative understanding of the magnitude of the climate change impact on the hydroclimatic components (P was analyzed in Section 4.2), it is necessary to estimate the long-term averages of India-HYPE driven by APHRODITE for the entire reference period (Figure 3 ). Long-term average R is controlled by the spatial patterns of P and AE; consequently high R is generated at the southwestern rivers and at the Himalayan mountain range. AE, which in this model is controlled by water availability and T, shows similar spatial patterns to P but lower than the latter by almost 25%; hence, indicating that most precipitated water is evaporated back to the atmosphere. Note, also, the high temperatures which are almost homogeneously distributed over the region (average T is about 25 °C); however, the T gradient is very strong at the Himalayan mountain range (average T varies between −5 and 2 °C). The AIW varies Concerning T, in most parts of India it was underestimated by 1-2 C in the historical GCM-RCM projection (not shown). After the DBS bias-correction, only a negligible bias remained and the spatial pattern became essentially identical to the observations (see Figure 3c ).
To infer a quantitative understanding of the magnitude of the climate change impact on the hydro-climatic components (P was analyzed in Section 4.2), it is necessary to estimate the long-term averages of India-HYPE driven by APHRODITE for the entire reference period (Figure 3 ). Long-term average R is controlled by the spatial patterns of P and AE; consequently high R is generated at the southwestern rivers and at the Himalayan mountain range. AE, which in this model is controlled by water availability and T, shows similar spatial patterns to P but lower than the latter by almost 25%; hence, indicating that most precipitated water is evaporated back to the atmosphere. Note, also, the high temperatures which are almost homogeneously distributed over the region (average T is about 25˝C); however, the T gradient is very strong at the Himalayan mountain range (average T varies between´5 and 2˝C). The AIW varies between 100 and 900 Mm 3 per year with high spatial variability in the region (note that the spatial pattern of this variable is subject to the GMIA irrigation map). The SMD is between 0 and 140 mm/year, with the Himalayas exhibiting very low values and the Thar Desert exhibiting high values; note the presence of wetlands covering this northwest region. Finally, SD can reach 100 cm in the Himalayas with large local variability. 
Climate Change Impacts
As outlined in Section 3.3, we analyze the effects of climate change for various variables in two different scenario periods. We firstly present changes in the variables which control the hydro-climatic conditions and continue with the applied irrigation water to soil which is more "end-user related". We then investigate the changes in the annual cycles of three regions.
Long-Term Averages
All projections show an increase of T for both scenario periods and in the whole modelling domain (Figure 4) . In RCP2.6, the increase in T is limited to ranges below +1.5 °C until the end of the 21st century. For the same scenario period and RCP4.5, the increase in T is projected to fall into the range of +1.0 to +2.0 °C over most of the domain, but is higher-up to +3.0 °C-in the mountainous parts in the north. The same spatial pattern is seen in RCP8.5 in which T is projected to increase between 1.5 and 6.0 °C with the highest increase also occurring in the mountainous regions. This elevation dependency could be due to the snow albedo effect which leads to higher increases in T when the snow cover duration decreases [53] . 
Climate Change Impacts
Long-Term Averages
All projections show an increase of T for both scenario periods and in the whole modelling domain (Figure 4) . In RCP2.6, the increase in T is limited to ranges below +1.5˝C until the end of the 21st century. For the same scenario period and RCP4.5, the increase in T is projected to fall into the range of +1.0 to +2.0˝C over most of the domain, but is higher-up to +3.0˝C-in the mountainous parts in the north. The same spatial pattern is seen in RCP8.5 in which T is projected to increase between 1.5 and 6.0˝C with the highest increase also occurring in the mountainous regions. This elevation dependency could be due to the snow albedo effect which leads to higher increases in T when the snow cover duration decreases [53] .
Regarding P, the projections show strongly increasing mean P over most of the region ( Figure 5 ). This also includes areas where present day P is already very high (e.g. along the Western Ghats and the southern side of the Himalayan mountain range). The signal is stronger towards the end of the 21st century than in mid-century and the higher the RCP is, with the exception of RCP2.6 for which there is no intensification of the signal from the mid-to the end-century period. The clear dependency of the change signal on the period and the RCP is true for all variables discussed below. The dry regions in the northwestern and central parts, including e.g., the Indus, Luni, Sabarmati, and parts of the Ganga River, are projected to receive less P. Additionally, the spatial variability of the changes within the major river basins (see boxplots in Figure 5 ) is generally increasing towards the end of the century. The above-mentioned river basins include sub-basins with a very heterogeneous pattern of P changes, ranging from decreases to increases for all projections except for the RCP8.5 end-century evaluation. Those basins are located in a zone where slight changes in the spatial patterns of P decrease or increase might lead to a pronounced effect on the basin-wide qualitative changes (i.e., decrease or increase of mean P). Regarding P, the projections show strongly increasing mean P over most of the region ( Figure 5 ). This also includes areas where present day P is already very high (e.g. along the Western Ghats and the southern side of the Himalayan mountain range). The signal is stronger towards the end of the 21st century than in mid-century and the higher the RCP is, with the exception of RCP2.6 for which there is no intensification of the signal from the mid-to the end-century period. The clear dependency of the change signal on the period and the RCP is true for all variables discussed below. The dry regions in the northwestern and central parts, including e.g., the Indus, Luni, Sabarmati, and parts of the Ganga River, are projected to receive less P. Additionally, the spatial variability of the changes within the major river basins (see boxplots in Figure 5 ) is generally increasing towards the end of the century. The abovementioned river basins include sub-basins with a very heterogeneous pattern of P changes, ranging from decreases to increases for all projections except for the RCP8.5 end-century evaluation. Those basins are located in a zone where slight changes in the spatial patterns of P decrease or increase might lead to a pronounced effect on the basin-wide qualitative changes (i.e., decrease or increase of mean P). AE generally either remains essentially unchanged or increases. In areas with a pronounced decrease in P, such as in the northwest, a slight decrease of AE may, however, occur (see Figure 6 ). The increase of evaporation in the south is due to decrease in SMD (see Figure 8 ). Over the Himalayan mountain range, strong increases are projected in all RCPs and both scenario periods. In that area, the increase of potential evapotranspiration (not shown) due to increased temperature and a shortened period of snow cover (see Figure 8 for snow depth changes as an indicator of snow cover changes) both contribute to higher AE. AE generally either remains essentially unchanged or increases. In areas with a pronounced decrease in P, such as in the northwest, a slight decrease of AE may, however, occur (see Figure 6 ). The increase of evaporation in the south is due to decrease in SMD (see Figure 8 ). Over the Himalayan mountain range, strong increases are projected in all RCPs and both scenario periods. In that area, the increase of potential evapotranspiration (not shown) due to increased temperature and a shortened period of snow cover (see Figure 8 for snow depth changes as an indicator of snow cover changes) both contribute to higher AE. The pattern of R changes follows the one of P but the magnitudes of the relative changes are larger than for P (Figure 7) . Consequently, the spatial variability within the major river basins is also much larger than for P, shown by the wider boxplots in the Figure 7 . Thus, the basins, which are susceptible to small spatial changes of areas with increasing and decreasing P, are even more sensitive to spatial changes when it comes to R. The pattern of R changes follows the one of P but the magnitudes of the relative changes are larger than for P (Figure 7) . Consequently, the spatial variability within the major river basins is also much larger than for P, shown by the wider boxplots in the Figure 7 . Thus, the basins, which are susceptible to small spatial changes of areas with increasing and decreasing P, are even more sensitive to spatial changes when it comes to R. Within the model domain, snow only occurs in the Himalayas (Figure 3) . For a large fraction of that area, SD is projected to decrease strongly, a change which is already apparent in the mid-century period (Figure 8 ). Only in some high-elevated areas is T cold enough to make SD increase due to increased mean P. Within the model domain, snow only occurs in the Himalayas (Figure 3) . For a large fraction of that area, SD is projected to decrease strongly, a change which is already apparent in the mid-century period (Figure 8 ). Only in some high-elevated areas is T cold enough to make SD increase due to increased mean P. The changes in irrigated water to soil ( Figure 9 ) should be interpreted in a way that they represent the changes in future demand for irrigation. Wherever irrigation is projected to increase, a higher demand for irrigation is implied. In that sense, the results indicate that the demand for irrigation will increase in the Northwestern and central regions in all RCPs and both scenario periods. Towards the end of the century in RCP8.5, the region with increased irrigation demand is enlarged and encompasses the whole Indus and Ganga river basins. Decreases in irrigation needs are projected for the southern part of the model domain. The changes in irrigated water to soil (Figure 9 ) should be interpreted in a way that they represent the changes in future demand for irrigation. Wherever irrigation is projected to increase, a higher demand for irrigation is implied. In that sense, the results indicate that the demand for irrigation will increase in the Northwestern and central regions in all RCPs and both scenario periods. Towards the end of the century in RCP8.5, the region with increased irrigation demand is enlarged and encompasses the whole Indus and Ganga river basins. Decreases in irrigation needs are projected for the southern part of the model domain. 
Annual Cycles
Whereas in Section 4.4.1 we presented spatially detailed maps of changes in annual mean quantities, we show here the results of changes in the annual cycle at three selected gauges (see stars in Figure 1 ) in order to provide more details about the seasonal dynamics.
The Ganga River has clear Q seasonality with peak Q in the monsoon season and very little Q in the remaining months ( Figure 1b) . P is projected to increase during the monsoon period, and little change happens in the rest of the year (Figure 10a ). This trend is stronger for the end-century than for the midcentury changes in RCP4.5 and RCP8.5, while RCP2.6's changes remain on a low level even at the end of the century. For the end-century period, RCP8.5 also shows a longer season of increasing P, lasting until the start of the post-monsoon season in October. The seasonal pattern of changes in AE closely follows the one of P, but the magnitudes of the changes are smaller. Thus, the increases in P partly become runoff effective, which is seen as increasing Q in the monsoon season. The largest increases in Q towards the end of the century are projected to range from 5000 to 20,000 m 3 /s depending on the chosen RCP, corresponding to a 12 to 50 % increase compared to the reference period.
The gauge in the Indus catchment lies close to the Himalayas. In present day conditions, the seasonal cycle of P shows a two-peak pattern with one peak in March and the second one in July/August ( Figure  1c) . The three projections do not agree on the change signal (Figure 10b ). For the end-century period, a slight tendency towards increasing P in summer and decreasing P in March is noticeable. This would mean that the first P peak weakens, whereas the second one in summer gets stronger. AE increases throughout the year, with the largest increases being projected for the summer. There is no clear link between the P and the AE change signal, indicating that the soil moisture is not the limiting factor for AE in that area. The change signal in Q is associated with more uncertainty and small projected changes switch sign several times in the course of the annual cycle. This is also reflected in the boxplots in Figure  7 where the Indus River shows a large spatial variability of runoff changes around the no-change level. Small changes in some sub-basins might lead to a switch of the sign of change in the response on the aggregated basin level. Overall, it seems that the climate change signal of discharge is small.
Under the current conditions, the Godavari River has a clear seasonal discharge regime with a peak 
The Ganga River has clear Q seasonality with peak Q in the monsoon season and very little Q in the remaining months ( Figure 1b) . P is projected to increase during the monsoon period, and little change happens in the rest of the year (Figure 10a ). This trend is stronger for the end-century than for the mid-century changes in RCP4.5 and RCP8.5, while RCP2.6's changes remain on a low level even at the end of the century. For the end-century period, RCP8.5 also shows a longer season of increasing P, lasting until the start of the post-monsoon season in October. The seasonal pattern of changes in AE closely follows the one of P, but the magnitudes of the changes are smaller. Thus, the increases in P partly become runoff effective, which is seen as increasing Q in the monsoon season. The largest increases in Q towards the end of the century are projected to range from 5000 to 20,000 m 3 /s depending on the chosen RCP, corresponding to a 12 to 50 % increase compared to the reference period.
The gauge in the Indus catchment lies close to the Himalayas. In present day conditions, the seasonal cycle of P shows a two-peak pattern with one peak in March and the second one in July/August (Figure 1c) . The three projections do not agree on the change signal (Figure 10b ). For the end-century period, a slight tendency towards increasing P in summer and decreasing P in March is noticeable. This would mean that the first P peak weakens, whereas the second one in summer gets stronger. AE increases throughout the year, with the largest increases being projected for the summer. There is no clear link between the P and the AE change signal, indicating that the soil moisture is not the limiting factor for AE in that area. The change signal in Q is associated with more uncertainty and small projected changes switch sign several times in the course of the annual cycle. This is also reflected in the boxplots in Figure 7 where the Indus River shows a large spatial variability of runoff changes around the no-change level. Small changes in some sub-basins might lead to a switch of the sign of change in the response on the aggregated basin level. Overall, it seems that the climate change signal of discharge is small.
Under the current conditions, the Godavari River has a clear seasonal discharge regime with a peak in the monsoon season and low discharge in the rest of the year (Figure 1d ). Compared to the Ganga River, the seasonality is even more pronounced due to the lack of snow-melt from the Himalayas during the pre-and post-monsoon season. Additionally, the seasonal pattern of changes in all variables looks similar to the ones in the Ganga River; however, the magnitudes are larger (Figure 10c ). For total Q in the monsoon and post-monsoon period, the changes amount to +10% to +80%. in the monsoon season and low discharge in the rest of the year (Figure 1d ). Compared to the Ganga River, the seasonality is even more pronounced due to the lack of snow-melt from the Himalayas during the pre-and post-monsoon season. Additionally, the seasonal pattern of changes in all variables looks similar to the ones in the Ganga River; however, the magnitudes are larger (Figure 10c ). For total Q in the monsoon and post-monsoon period, the changes amount to +10% to +80%. Figure 10 . Absolute changes in the annual cycles of precipitation P, actual evapotranspiration AE and discharge Q for each climate scenario and period (column 1 and 2 for the mid-and end-century, respectively) for the rivers: (a) Ganga (at Farakka station); (b) Indus (Chenab at Akhnoor station), and (c) Godavari (at Polavaram station).
Discussion
Enhancing Understanding of Future Climate Change Impacts
Our study contributes to the previously reported assessments of future climatic patterns (which in most cases are driven by projections from different GCMs and RCMs) in India and their impact on water resources. Overall our results support previous findings that climate projections reveal an increase in monsoon precipitation in the mid-century [54, 55] and a possible extension of the monsoon period [56] [57] [58] . Our results over Northern and Western India and the southeastern coastline differ from previous projections based on the CGCM3.1-PRECIS model chain and the A1B emission scenario [31, 59] . According to [59] , in those regions precipitation is expected to decrease both in the mid-and end-century. Moreover, analysis (not shown here) on the number of wet spells was consistent with the general trends of previous finding, showing a higher frequency of wet spells from the 2060s and beyond, mostly in northern and coastal regions [14, 60] . [61] define the river basins of Kutch, Saurashtra, Luni, and Indus in the northwest and Pennar in the southeast as physically water-scarce, most of the rest of India as economically water-scarce, and only Brahmaputra, Meghna, Brahmani, Mahanadi, and some smaller basins along the east coast as non-water-scarce ( Figure 1 ). Our results support this regional classification, however attention is needed in results for R in the northwestern basins due to their pronounced spatial variability (although overall results point at decreasing runoff). The overall decreasing future trend of water availability in the northwestern basins with a high spatial variability agrees with the results in [31] . In our results river Pennar will clearly become less water-scarce by the end of the century, which is in contrast to [31] who found a reduced water yield in this basin on this time horizon.
A key component for assessing water scarcity is the evapotranspiration. Similarly to P, AE in our results exhibit a pronounced spatial variability in the northwest and overall an increase is projected for the Indian subcontinent. This can be contrasted with recent findings of observed decreasing trends in temperature (and consequently evaporation and water scarcity) over Northeastern India [62] , the Godavari basin [63] , as well as many regions world-wide [64, 65] . For India, this finding has been attributed to mainly a reduction of wind speeds ('stilling') and an increase of atmospheric humidity [63] . These impacts cannot be simulated with the purely T-based relationship for AE used here.
In the Himalayan region, we found a generally consistent increase in runoff for different projections and future periods, which agrees with the general trend in the literature [5, 6, [66] [67] [68] ; however this increase varies significantly in space (following the topographic pattern). In addition, it is generally expected that the changes in the Ganga and Meghna rivers will be larger than in the Brahmaputra river, probably due to the impact of melted water from snow and glaciers [2] . This conclusion is consistent with our results. Change in runoff in the Krishna river is ambiguous with studies showing both a future increase [32, 69] , as here, and a decrease [31] .
Limitations of This Study
Reliability of the input data used to drive large-scale multi-basin hydrological models, particularly those derived from global datasets, has been questioned [70] . Although a preliminary comparison of the applied climatic and physiographic data against national data did not show significant discrepancies (e.g., when comparing the APHRODITE data against P and T observations from the Indian Meteorological Department), some inconsistencies were generally observed at the local scale.
Here, we have only focused on the uncertainty from the RCP scenario. This was motivated by previous findings indicating that towards the end of the 21st century, generally the emission scenario (here, RCP) is the dominant source of uncertainty in climate projections (e.g., [26] ). However, it is clear that also the other sources may substantially contribute to the uncertainty, e.g., the choice of GCMs, RCMs, bias-correction method, hydrological model structure, and parameterization can have a substantial impact [71, 72] .
Climate change impact results are subject to the impact model's predictability and consistency, here assessed by the model's performance in the present climate. The India-HYPE model can adequately represent the long-term average fluxes and their seasonal variation (see details in [40] ); however, it is expected that a larger number of discharge gauges (representing different hydro-climatic systems) and/or temporally extended time series (in terms of length and resolution) and/or additional variables (e.g., evapotranspiration, snow cover area etc.) would provide additional information to drive the parameterization of the model and guide towards model structural improvements.
Finally, our study is limited by the assumed stationarity in the investigated hydrological systems. It is recognized that non-stationarity exists as a characteristic of the natural world due to various environmental changes (land use and other man-made alterations) [73] .
Conclusions
We have explored the potential impact of climate change on the hydrology and water resources of the Indian subcontinent, based on an RCP-ensemble of regional climate projections from the CORDEX-SA framework. Climate projections with GCM EC-EARTH and RCM RCA4 based on three RCP scenarios (RCP2.6, RCP4.5, and RCP8.5) are bias-corrected and introduced into the HYPE hydrological model to assess average changes in various hydro-climatic fluxes for two future periods (mid-and end-century). Additionally, the intra-annual variability of key fluxes (precipitation, evapotranspiration, and discharge) in three river systems.
Overall, the distribution of change in runoff varies considerably with both hydro-climatic region and climate projection. In particular, the following future changes were indicated:
‚
Temperature will increase in the entire subcontinent, with the highest increase in the mountainous regions.
‚ An increase in long-term average precipitation and evapotranspiration in wet regions; however, less precipitation and evapotranspiration are expected at the dry regions.
‚ Average snow depth in the Himalayan region will be reduced; this is consistent in all projections and time horizons.
‚ A general increase in the need for irrigation; however, the need is reduced in the south.
Large relative changes in runoff, and large spatial variability at the basin scale, particularly towards the end of the century.
Changed seasonality in discharge, with more pronounced changes in the tropical and subtropical zones than in the mountainous regions.
Overall, the conclusions support previous findings in most parts of India (including the Himalayas), with respect to future trends in runoff. This study, however, indicates larger changes under the severe emission scenario RCP8.5. Regionally, some differences are found in comparison with existing results, e.g., for precipitation and evapotranspiration in northern and western India and the southeastern coastline and for runoff changes in the Krishna river. These differences highlight the need for further studies focusing on climate change impacts on hydrology in India. In addition to pure climate impact modelling, as performed here, we believe more efforts are needed to better understand and quantify the sensitivity of the river systems to climate changes, as well as other changes (e.g., land-use and population). This work should preferably include multiple scenarios of all considered changes used in combination with multiple hydrological models. Work in this direction is ongoing and will be reported elsewhere.
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